Abstract-This paper presents a methodology on the design of an optimal predictive control scheme applied to an islanded microgrid. The controller manages the batteries energy and performs a centralized load shedding strategy to balance the load and generation within the microgrid, and to keep the stability of the voltage magnitude. A nonlinear model predictive control (NMPC) algorithm is used for processing a data set composed of the batteries state of charge, the distributed energy resources (DERs) active power generation, and the forecasted load. The NMPC identifies upcoming active power unbalances and initiates automated load shedding over noncritical loads. The control strategy is tested in a medium voltage distribution system with DERs. This control strategy is assisted by a distribution monitoring system, which performs real-time monitoring of the active power generated by the DERs and the current load demand at each node of the microgrid. Significant performance improvement is achieved with the use of this control strategy over tested cases without its use. The balance between the power generated by the DERs and the load demand is maintained, while the voltage magnitude is kept within the maximum variation margin of ±5% recommended by the standard ANSI C84.1-1989. Index Terms-Energy management, load shedding, microgrid control.
The topology of today's radial distribution networks is fixed and suffers changes only after the occurrence of a fault, since networks were planned for unidirectional power flow. Many distribution networks were not originally conceived to handle bidirectional power flows; therefore, changes are needed in the way they are designed, operated, and controlled. For instance, Kabir et al. [2] propose a coordinated control of photovoltaic (PV) array units and battery storage systems (BSS) for voltage control of a residential distribution system.
Several contributions on control strategies of microgrids have been made. Planas et al. [3] provide details about the control tasks involved in the microgrids management with a review on the main types of controls proposed in the literature. Garcia et al. [4] detail an energy management system (EMS) of a grid-connected microgrid. The microgrid is composed of a wind turbine (WT), a PV array, and an energy storage system (ESS). A two-level control architecture based on an adaptive neuro-fuzzy inference system (ANFIS) is proposed. The ANFIS-based supervisory control determines the power that must be delivered by/stored in the ESS. The lowest control level controls the converters associated with the renewable energy sources (RES) and ESS.
Zhou et al. [5] describe a power grid solution, which consists of a decentralized power system with a two-level control architecture that coordinates power-flows generated by the distributed energy resources (DERs) within a microgrid. Tsikalakis and Hatziargyriou [6] describe a central controller for microgrids, which optimizes the microgrid operation when it is connected to the main power system. Similar approaches of centralized microgrid controllers are presented in [7] . Distributed control strategies for the two operation modes of a microgrid, grid connected and islanded, with different techniques are studied in [8] [9] [10] . A review of optimal control techniques applied to EMS for microgrids is presented in [11] . The majority of contributions on the design of an EMS consider a favorable scenario during the microgrid operation, where P gen > P load . This paper addresses the important issue, when circumstantially P gen could be lower than P load . A predictive algorithm is a natural choice for handling these problems. This paper is aimed at developing an EMS for isolated power distribution systems that integrate DERs. The EMS performs automated load shedding of noncritical loads when foreseeable power unbalances could affect the stability of the microgrid. The voltage magnitude of the network is kept within safe limits. An nonlinear model predictive control (NMPC) algorithm is proposed to process a data set composed by the batteries state of charge (SOC), current DERs power generation, and the forecasted load for identifying upcoming generation problems when the microgrid is operating in islanded mode, in order to execute the corresponding control actions. The NMPC algorithm is selected mainly due to its capabilities of prediction and constraints management in the states and control signals. Two microgrid models for computing the control actions within the NMPC strategy are used: 1) power-flow calculation through the Newton-Raphson (NR) algorithm with a load predictor implemented with artificial neural networks (ANNs), and 2) an autoregressive model with external input (ARX) obtained through a data-based modeling approach using ANFIS. This control strategy is assisted by a distribution monitoring system (DMS), which performs real-time monitoring of the power generated by the DERs and the actual load demand at each microgrid node. This paper is organized as follows. Section II presents a description on the microgrid under study. Section III details the controller design. Section IV shows simulation results. Section V presents the conclusion.
II. SCENARIO DESCRIPTION

A. Microgrid Benchmark Model Overview
Operating characteristics of a microgrid are different from those of a bulk power system: smaller generation inertia, variable power generation due to RES integration, low fault currents when islanded, etc. This fact supports the idea of building a detailed simulation platform for investigating the behavior of such networks. Styczynski et al., Mao et al., and Tomohiko et al. [12] [13] [14] present benchmark models of medium and low voltage distribution networks with DG. The benchmark models are analyzed in different operating conditions with and without the inclusion of storage systems, although no optimal control techniques are proposed for managing loads and batteries to ensure a reliable microgrid islanded operation. This paper addresses this important topic.
Stable operation of an electric power system requires the voltage magnitude to be kept within a range of about ±5% of the nominal value. Standard IEEE 1547. 2-2008 [15] states that for interconnecting distributed resources with electric power systems, the total time should be less than 0.15 s when the frequency variation exceeds 0.5 Hz and the voltage variation exceeds 5% of its nominal value. It is a challenging task to integrate DERs into a distribution network and to operate this network (microgrid) within the limits of the established operation standards. Therefore, first step for developing an integration framework is to have a testing platform. The medium voltage benchmark model presented in [12] and [16] with some modifications, detailed in Section II-B, will be used for this purpose. Fig. 1 shows such a microgrid configuration.
A detailed guide of recommendations about the operation of islanded microgrids is presented in the Standard IEEE 1547.4-2011 [17] . The control strategy must ensure that critical loads receive service priority when the microgrid operates in isolated mode. Islanding operation could be planned or could be the result of emergency conditions. For example, a fault or disturbance can cause tripping of breakers resulting in an intentional island. When islanding occurs in a distribution network, voltage and frequency are severely disturbed due to imbalance between generation and load demand. During islanded operation, the DERs must be able to carry the load on the islanded section and guarantee a safe and stable microgrid operation within certain voltage and frequency limits. When the available power generation capacity is smaller than load demand, load shedding is needed to restore the balance. Fig. 1 shows the microgrid benchmark model configuration developed throughout this research, which consists of two feeders supplied by a distribution substation. A grid of DERs is connected to the left side feeder, including four PV array units, one wind turbine generator (WTG), two BSS, and one diesel engine generator (DEG). Each DER has a distributed controller. The microgrid benchmark model is implemented in the SimPowerSystems of Simulink.
B. Main Characteristics of the Benchmark Model
The rated voltage level of the network is 20 kV. It is supplied from two 5 MVA, 110/20 kV transformers. The network includes underground and overhead lines. The network parameters and loads characteristics were taken from [16] and are summarized in Tables II and III in Appendix. Although maximum values for active and reactive power loads are considered, variable load profiles have been generated for loads 7 , and L 9 . Homer Energy was used for this purpose, taking as base values: S base = 5 MW and V base = 20 kV. Fig. 2 shows the load profiles. The DERs, whose modeling details for control purposes have been presented in previous research papers [18] [19] [20] , have the following characteristics. Buck-boost converters are used to charge the batteries when the system has enough generating capacity and to feed loads and respond to low RES power generation due to weather conditions, e.g. PV array power output variations are affected by sun shades. DERs do not provide system frequency regulation. Therefore, for power-flow calculations within the NMPC algorithm, the DERs (except for the DEG) are considered as load nodes operating at their rated powers, assuming negative power consumption. During grid-connected operation, the main grid performs voltage and frequency control. During autonomous operation, local microgrid generation controls voltage and frequency.
Since a centralized controller will be used, an advanced metering infrastructure (AMI) is required in the microgrid. Therefore, it is assumed that every load has a smart meter. The smart meter performs instantaneous voltage, current, power and energy measurements, and power quality data and has communications capability. Smart meter data include the unique meter identifier and measured data values [21] .
The system operator can remotely connect and disconnect sources to any customer in order to control the power-flows in the microgrid, based on the information collected from the smart meters. Smart meters collect data from the end consumers and transmit this information through the local area network to a data collector, which transmits it to the DMS. This process usually is executed every 15 min or as frequently as programmed by the DMS.
III. CONTROLLER DESIGN
A. Nonlinear Model Predictive Control
NMPC is a variant of model predictive control (MPC) that is characterized by the use of nonlinear system models to predict and optimize the future system behavior [22] . Additionally, the method allows incorporating nonlinear constraints on the state and the control variables and the use of cost functions different from the classic quadratic form since the use of finite-time horizon for optimization. A generalized nonlinear discrete-time model of the system is defined as
where
n at the next time instant to each pair of state vector x k ∈ R n and control signal vector u k ∈ R m . The main objective of MPC is to control the state x k of the system toward a reference trajectory r k and to keep the system state close to this reference trajectory [23] . Without loss of generality, the reference trajectory is considered constant in the prediction horizon, and an equilibrium point of the closed-loop system is defined by
where μ(·) : R n → R m is the closed-loop control law obtained with the NMPC algorithm.
A set of finite control sequences is obtained after the optimization process: u 0 , u 1 , . . . , u N −1 with N ∈ N being the optimization horizon. Therefore, given an initial value x 0 ∈ R n and a control sequence u(·) ∈ U K , a trajectory of (1) is obtained iteratively via
where u x k is the predicted state of the system when the optimized control sequence u(·) is applied.
One of the strengths of MPC is its ability to manage constraints in its structure. Therefore, it is necessary to define valid numerical sets for the states of the system, x ∈ X
B. NMPC Design
The following equations were developed for designing the centralized NMPC strategy. The system states for the islanded section (left side feeder) of the distribution system of Fig. 1 are defined as
where V i and δ i are the node's voltage and angle of the bus i, respectively. Additionally, more variables and vectors are needed for the controller formulation, such as power at the nodes S i = P L i + jQ L i , admittance matrix Y, and power generated by the DERs units,
Equation (8) is solved iteratively through the NR power-flow algorithm [24] , with prior knowledge of P DER i , i = 2, 3, . . . , 8, and current load consumption of every power system node. The power generated by the DEG (P DE ) is estimated in a prediction horizon of length N . One important modification to the power flow equation is the inclusion of the reactive power consumed by the WTG at Bus 7, which is calculated as follows [25] : where the negative sign of (9) represents reactive power consumption of the WTG induction generator from the network; z m , z c , z 1 , and z 2 represent the excitation reactance, reactance of the capacitor banks installed at the terminal of the induction generator, and the stator and rotor reactance, respectively. The objectives of this control strategy are: 1) to manage the batteries energy; 2) to disconnect low priority loads when the predicted load demand is greater than the generation capacity of the microgrid; 3) to preserve microgrid stability and to keep the voltage magnitude with a maximum variation of ±5%. The centralized NMPC is implemented in the microgrid centralized-controller (MGCC). A control vector u for managing loads connection and disconnection, as well as batteries charging and discharging modes, is defined in (10) . Table I shows the relationship between each bit of the control vector and its corresponding load controller for switching purposes, i.e. for u i = 1 → L i load is connected, and
An important requirement in the design of NMPC is the availability of a model for predicting the output variable. In our case, predicted values of P DE are needed to optimally decide whether a load shedding must be performed or not. Once all loads to be shed are selected by the load shedding algorithm, trip commands are sent from the MGCC to the proper loads. Fig. 3 shows the controller architecture for integrating the NMPC in the MGCC.
The NR power-flow algorithm is used for predicting the microgrid system states x ∈ R 20 , which are used to calculate P DE in a prediction horizon N . The control vector u commands loads connection and disconnection, as well as batteries charge and discharge processes within the NR algorithm. An initial data set
T T composed of the active power generated by every DER, load demand, and the batteries' SOC is needed before the execution of the NR power flow algorithm. The data set Z k does not consider load variations within the prediction horizon. This fact is considered, and two approaches were tested for the initial iterative load values of the NR algorithm in order to predict P DE .
1) Take the load measurements and keep them as constants during the prediction horizon N . 2) Use a load predictor based on ANNs. Twenty load profiles from different days of the week for every variable load in the microgrid were used for training a three-layer ANN. The load predictor receives the load measurements and the hour of the day as inputs and provides the load prediction for the upcoming 45 min, as shown in Fig. 4 . The encircled first dot shown in Fig. 4 at 4:00 AM represents the load measurement and the remaining three dots represent the predictions made by the ANN predictor every 15 min. Three more predictions can be observed in the figure at 13:00 PM and 22:00 PM. The dashed line in Fig. 4 represents the true load demand value. Another approach for predicting P DE was developed with an ARX model through a data-based modeling approach using ANFIS. Twenty different generation profiles of the DEG for different days of the week were used as training set for the ANFIS. Fig. 5 shows the ARX-ANFIS model configuration. This modeling procedure does not imply an NR power-flow calculation, which reduces the computing time of the control algorithm.
C. NMPC Algorithm
Since the voltage magnitude of the microgrid is to be kept within a ±5% range of variation, the static voltage stability index L, presented in [25] is used for defining a secure range of operation of the DEG. Considering the average generation values of the DERs, P WT = 0.15, 
where X eq and R eq are the equivalent reactance and resistance of the microgrid, respectively. The secure range of operation of Algorithm 1: NMPC algorithm for automated load shedding and BSS management.
1: Define a DE power generation reference r < P + DE 2: Take system measurements:
Solve the following optimal control problem: minimize 7 and L 8 always have to be connected (high priority loads); 3) At least one of the following loads has to be connected: L 3 , L 5 , or L 11 (low priority loads); 4) At least one of the following loads has to be connected: L 6 , L 9 , or L 10 (low priority loads); 5) {∀t : P DE < r ∩ SOC < 100%} → batteries go into charging mode; 6) {∀t : P DE > r ∩ SOC > 30%} → batteries go into discharge mode; 7) The minimum load to be shed is 10% of the actual connected load. 4: Define the control law μ (Z k ) = u * (1) P DE estimated by the optimization process in (11) is
Therefore, the cost function J to be used in the optimization algorithm will operate the master generation unit of the microgrid, the DE, in a range of power generation that guarantees voltage stability. The cost function is defined as follows:
where P DE (x k ) is calculated through the NR algorithm as it was described in the previous section, or by the use of the ARX-ANFIS model. The value of r is selected to be less than P + DE . A list of steps for implementing the NMPC algorithm described is shown in Algorithm 1.
The control vector u of Algorithm 1, for the particular case of the proposed NMPC algorithm, is restricted to be binary. Problems of this type are generally named mixed-integer nonlinear programming (MINLP) problems. The mixed-integer linear, quadratic and nonlinear programming package of TOM-LAB for MATLAB was used for solving the optimal control problem. To solve the MINLP problem, TOMLAB implements a branch-and-bound algorithm searching a tree whose nodes correspond to nonlinearly constrained continuous optimization problems. The continuous problems are solved using sequential quadratic programming. The method avoids the use of penalty functions. Global convergence is enforced through the use of a trust region and a filter that accepts a trial point whenever the objective or the constraint violation is improved compared to all previous iterations.
IV. SIMULATION RESULTS
A 24-h simulation was performed for testing the proposed controller. Variable profiles for wind velocity and solar radiation were used during the simulation, as shown in Fig. 6 . The microgrid starts operating in grid-connected mode and at 2:00 AM, an islanding operation is simulated in the left side feeder. The right side feeder is not considered in this case, since S c is open (see Fig. 1 ).
The MGCC is monitoring the microgrid all the time for alerting an islanding event. Islanding detection is out of the scope of this paper; interested readers are referred to [26] for available islanding detection techniques. Once the islanding condition is confirmed by an islanding detection algorithm, the NMPC starts processing data every 15 min, except when P DE > 1.1 × r, which means that the DE operates near its generation limits. In this case, the algorithm evaluates all the variables in order to calculate the amount of load to shed until the next scheduled calculation loop. Fig. 7 shows a performance comparison of the NMPC algorithm operating the microgrid. The three different techniques for predicting the P DE output, detailed in Section III-B, are used for an optimization horizon N = 2 and a sampling time of 15 min. The approach that keeps the loads measurements constant for the power-flow calculation in the prediction horizon offers the worst results. P DE overpasses the safe limit of generation. On the other hand, the use of the ANN load predictor in the powerflow calculation shows much better results, and the generation profile of the DEG never violates the 0.2 p.u. limit. Finally, the ARX-ANFIS model offers the best result, since the generation profile is kept much closer to the selected reference r = 0.18, which is the same for all the cases. For these tests, no battery management strategy is implemented. Batteries are in a chargedischarge mode and are assumed to be available when needed, as shown in Fig. 7 .
Figs. 8 and 9 provide additional information on the NMPC algorithm performance. These figures show microgrid voltage and frequency behavior and loads and batteries switching due to the NMPC optimal decisions. The voltage magnitude keeps within the ±5% band when the microgrid is islanded, which is not the case when no control action is performed (see Fig. 8 ). Additionally, the constraints included in the NMPC algorithm are not violated. High-priority loads L * 1 , L 7 , and L 8 were not disconnected, and at least one load of every low-priority load group was kept connected, as it was programmed in the NMPC algorithm (see Fig. 9 ). Furthermore, batteries charge at the off-peak times, when there is availability of power from the generation units. Batteries go into discharge mode (delivering power to the grid) when there is a power deficit due to peak consumption (Fig. 9) . The inclusion of load shedding and battery management in the NMPC algorithm (Figs. 8 and 9 ) improves its performance with respect to the one showed in Fig. 7 where an open-loop batteries strategy was tested.
Based on experiments, some algorithm limitations are identified.
1) Model accuracy directly affects the controller's performance. 2) It does not include economic dispatch (future work).
3) It assumes knowledge of the power generated by the RES in every time step. 4) It does not consider communication delays (perfect telecommunication network). 5) The charging and discharging rates of the batteries were not considered, since the energy coming from the batteries were guaranteed to be present for at least one sampling period of the NMPC calculation (15 min).
V. CONCLUSION
An optimal predictive control strategy for energy management of the batteries and load shedding purposes has been designed and tested in an isolated microgrid with DERs. This algorithm is implemented in the MGCC. Significant performance improvement has been achieved with the use of this proposed controller over simulations performed without it, since it allows us to avoid power unbalances through an optimal load shedding strategy and to keep the voltage magnitude within safe limits, thus increasing the performance and the security of the islanded operation of the microgrid.
Good energy management in an isolated microgrid should first ensure continuous supply to critical loads. Thereafter, other targets could be set, such as maximizing efficiency, reducing operating costs, and so on.
The comparison between the use of this algorithm and an open-loop system condition shows the benefits of the technique: the voltage magnitude remains stable and close to its normal operating value (1 p.u.), an load is served, except for the disconnection of some low-priority loads when necessary. In the discharge mode, the batteries send active power to the grid, while in the charge mode the batteries consume active power to charge.
When the microgrid goes to islanded mode, the DEG supplies all the power demand that is not supplied by the other DERs. Due to the rated power limitations of the DEG, significant load shedding was necessary for a high load condition in the system. Youmin Zhang (SM'07) received the B.S., M.S.,
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